In this paper we extensively describe new software available as a R package that allows for the extraction of phenological information from time-lapse digital photography of vegetation cover. The phenopix R package includes all steps in data processing. It enables the user to: draw a region of interest (ROI) on an image; extract red green and blue digital numbers (DN) from a seasonal series of images; depict greenness index trajectories; fit a curve to the seasonal trajectories; extract relevant phenological thresholds (phenophases); extract phenophase uncertainties.
Abstract
In this paper we extensively describe new software available as a R package that allows for the extraction of phenological information from time-lapse digital photography of vegetation cover. The phenopix R package includes all steps in data processing. It enables the user to: draw a region of interest (ROI) on an image; extract red green and blue digital numbers (DN) from a seasonal series of images; depict greenness index trajectories; fit a curve to the seasonal trajectories; extract relevant phenological thresholds (phenophases); extract phenophase uncertainties.
The software capabilities are illustrated by analyzing one year of data from a selection of seven sites belonging to the PhenoCam network (phenocam.sr.unh.edu/), including an unmanaged subalpine grassland, a tropical grassland, a deciduous needle-leaf forest, three deciduous broad-leaf temperate forests and an evergreen needle-leaf forest. One of the novelties introduced by the package is the spatially explicit, pixel-based analysis, which potentially allows to extract withinecosystem or within-individual variability of phenology. We examine the rela-
Introduction
Traditional monitoring of plant phenology relies on direct human observations of discrete phenological events, or phenophases, such as bud-burst, flowering, autumn decoloring, and leaf-fall (e.g. Lechowicz, 1984; Richardson et al., 2006; Galvagno et al., 2013; Migliavacca et al., 2008; Filippa et al., 2015) . Such 5 observations are typically made on a limited number of individual organisms, across a limited geographic area (i.e., often at a specific research site). On the other hand, satellite remote sensing allows observing land surface phenology on regional to global scales but has a limited representativeness for phenological changes at ecosystem or species-level (White and Nemani, 2006; Delbart 10 et al., 2005; Busetto et al., 2010; Hufkens et al., 2012; Forkel et al., 2015) . At an intermediate scale, near-surface remote sensing of phenology makes use of radiometric instruments or imaging sensors. Near-surface remote sensing quantifies, at high temporal resolution, and with a flexible degree of spatial integration (i.e., the potential to look across the canopy as a whole, but at the same time 15 focus on individual organisms), seasonal changes in the optical properties of vegetated surfaces (e.g Jenkins et al., 2007; Richardson et al., 2007; Soudani et al., 2012) . Recent studies have demonstrated the soundness of digital cameras as multi-channel imaging sensors (Richardson et al., 2009; Klosterman et al., 2014; Wingate et al., 2015; Migliavacca et al., 2011) .
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In the recent literature, different approaches have been used to process digital images of the vegetation canopy. Several researchers have exhaustively addressed the issues of data quality and data filtering in order to reduce noise in the seasonal trajectories of greenness (e.g. Sonnentag et al., 2012; Julitta et al., 2014; Migliavacca et al., 2011) . Other authors focused on curve fit-25 ting/smoothing methods for extracting dates from phenological time-series (i.e.
phenophases, see e.g. Zhang et al. 2003; Beck et al. 2006; Gu et al. 2009; Elmore et al. 2012; Klosterman et al. 2014 poorly coordinated in terms of camera types, settings and sampling protocols, thus presenting a big challenge to build a flexible tool capable of facing the large diversity of ecosystems, image quality and setups.
In this paper we present a collection of functions packed in a software available as a R package (R Core Team, 2015) , called phenopix (r-forge.r-project.org/projects/phenopix/).
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We will first show the main features of the package and then illustrate its application on a selection of sites belonging to the PhenoCam dataset. Lastly, a section focused on pixel-based analysis will: 1) examine the relationship between phenological thresholds (phenophases) extracted from the average seasonal trajectory of greenness over a region of interest (ROI-averaged approach) and from 50 each pixel of such region (pixel-based approach); 2) illustrate potential applications of pixel-based image analysis to discriminate between subtly different phenological seasonal trajectories within the same image scene. 
Main functions
The typical work-flow of the phenopix package is summarized in the flowchart shown in fig. 2 
Regions of interest (ROIs)
The scene of the picture rarely includes only the targeted vegetation canopy, thus the user will want to choose a particular region within the scene for analysis.
Even more often, more than one region may be of interest, for example in a 4
mixed forest one might independently analyze different deciduous species and 70 evergreen trees (e.g. Ahrends et al., 2008) . The function DrawROI() allows the user to draw one or more regions of interest on-screen, using the mouse cursor on a chosen reference picture.
Extract vegetation indices
From the digital color values of each image the green chromatic coordinate
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(G CC ) is computed. G CC is a vegetation index derived from photographic image and quantifies the greenness relative to the total brightness. G CC is computed as follows:
where G DN , R DN , B DN are the green, red and blue digital numbers, respectively (Gillespie et al., 1987) . Similarly, chromatic coordinates of red and 80 blue (R CC and B CC ) are also computed. Several indices based on RGB colors have been developed in the last years, including for example the green excess index (GEI) (Woebbecke et al., 1995; Mizunuma et al., 2013) . Some authors also used a combination of G CC and R CC to extract autumn phenophases (e.g. Klosterman et al., 2014) . For simplicity, all subsequent analyses will be focused indices is returned. Specific rules must be followed in naming the image files, 5 and the reader is referred to the package help pages for more details.
Data filtering
Data retrieved from images often need robust methods for filtering the time 
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Filters can be applied alone or in sequence so that the user can choose the best combination of filters that suits the image archive to be processed. Additionally, each filter has its own discarding criteria that may be tuned by the user according to the quality of the input G CC time series. The default behavior of 130 the filtering function is to use a sequence of night, spline and max filters. In general, this sequence will be effective enough to properly filter the G CC time series. The user is advised to apply the max filter to effectively minimize the impact of changes in scene illumination (Sonnentag et al., 2012) .
Fit a curve to the G CC seasonal course and extract phenophases 135
The extraction of phenophases is done in two steps (following the approach of Forkel et al. 2015; Klosterman et al. 2014 ). First, a curve is fitted to the G CC seasonal curve to reduce the influence of single observation and to better capture the seasonal behaviour. In a second step different extraction methods can be used to retrieve phenophase metrics from the fitted seasonal curve. We selected 140 four different double logistic equations to be included in the package (table 2) .
The equations differ in the number of parameters to be optimized and hence in the flexibility of the fitting curves. For a thorough examination of the fittings and explanation of curve parameters, see the correspondent publications. In addition to the double logistic equations, an approach based on a smoothed 145 cubic spline is also available. There are cases, e.g. with very noisy time series or weak signal (low seasonal amplitude in greenness) where the double logistic fits fail. In such cases, the spline method is the only possibility to extract a seasonal trajectory. In addition to the above described methods, phenopix also implements a phenophase extraction method (function PhenoBP()) based on linear piecewise 175 regression and correspondent break points in the time series (Wingate et al., 2015) . This method was designed to accommodate multiple greening peaks during the same season, which is typical, for example, of water limited ecosystems such as Kamuela (fig 5) or managed grasslands and croplands.
Estimation of the uncertainty 180
Traditionally, the analysis of digital images for phenology has rarely included the estimation of uncertainty on phenophase extraction, despite its paramount importance (e.g. for the evaluation of method robustness and as input data for the optimization of process-based or land surface models, where phenology is currently poorly represented (Richardson et al., 2013) ).
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The phenopix package provides two approaches for the estimation of uncer- 
Phenopix application: spatial analysis
Based on an analysis run on all sites included in this paper except for Kamuela (i.e. six year-sites), we present in this paragraph the application of the 210 pixel based analysis to investigate the spatial variability of phenology within a ROI (pixel-based approach).
To date, few studies have explored the possibility of analyzing a set of images pixel by pixel rather than averaging color values on the overall region of interest (Julitta et al., 2014; Ide and Oguma, 2013 ship is found with the Klosterman fitting method applied to both approaches, with correlation coefficients of 0.97 and 0.75 for spring and autumn phenology, respectively. However, the relationship between spline fit applied pixel-by-pixel
and Klosterman fit applied to the average ROI also shows very good agreement.
In contrast, the spline method applied to the average ROI (last column in fig.   240 7) has a consistently weaker relationship with all other methods, resulting in earlier autumn phases and a much higher variability.
Across phenophase methods (different symbols in fig. 7 ), there is no evidence of a systematic bias between the two approaches for any particular phase extraction method. Across ecosystem types, needle-leaf forest (ENF, i.e. harvardhemlock 245 site) shows a consistent departure from the 1:1 line even in the best relationships (third panel from left in the first row of fig. 7 ), probably due to the lower signal to noise ratio in the seasonal trajectory of evergreen trees. However, the most striking difference is the consistently lower correlation for autumn than for spring phases, suggesting that in the same ecosystem and possibly also within 250 a single species autumn phases are more variable than spring phases.
In summary, the faster spline smoothing applied pixel-by-pixel leads to the identification of phenophases in substantial agreement with the more computationallyintense Klosterman fit. Additionally, being more flexible, the spline fitting leads to a much lower number of unfitted pixels compared to the Klosterman fit.
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Hence, from this analysis, spline smoothing is preferred over curve fitting for pixel-by-pixel analysis. For the ROI-averaged approach, it is strongly preferable to perform curve fitting over spline smoothing, provided that the G CC seasonal trajectory does not show multiple peaks, related to e.g. water stress or management practices.
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One interesting application of the pixel-based analysis stems from the examination of the frequency distribution of a given phenophase across all pixels.
When a phenophase shows a bi-(or multi-) modality and a consistent spatial distribution, pixels may be grouped according to the values of one (or more) phenophase(s) and separate seasonal trajectories can be obtained ( fig. 8 ). By 265 applying this procedure to the torgnon-ND grassland site we were able to identify a bimodal distribution in maturity phase (i.e. the end of spring growth), as extracted after Klosterman curve fitting. We then selected pixels with maturity onset dates falling around the two modes (i.e. DOY 180±3 and DOY 205±3) and computed an average trajectory for these two groups. This was possible using phenophases extracted with all available methods as an input matrix, we were able to clearly distinguish two portions of the canopy ( fig. 9b ). In this example the cluster analysis was used to define two sub-ROIs, that reentered the 285 processing chain (ROI-averaged approach, fig. 2 ) and led to the identification of two markedly different seasonal trajectories ( fig. 9c,d ). Beech-dominated portions of the canopy (cluster 2) show a later yellowing/browning compared to maple, prevailing in cluster 1 (Richardson et al., 2009 ). Phenophases are defined as the two local maxima (greenup) and two local minima (autumn) in the rate of change in curvature k' (Kline, 1998; Klosterman et al., 2014) Patches with forbs dominating show an earlier maturity compared to grasses (dashed lines).
In the inset, density distribution of Maturity phase across all pixels. Shaded areas denote the maturity intervals used to subset ROI pixels. The resulting subsets were in turn used to extract the seasonal trajectories of forbs-and grass-dominated portions of the ROI. 
